Insights into animal behaviour play an increasingly central role in species-focused conservation practice.
Introduction

35
Conservation biologists and behavioural ecologists have repeatedly called for closer links between their 36 respective fields on the grounds that behavioural insights can contribute significantly to the success of 37 conservation action (Clemmons & Buchholz 1997; Caro 1999; Caro & Sherman 2011; Greggor et al. 2016 ).
38
However, this cross-disciplinary integration has progressed slowly, in part because the methods and central 
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We assembled data on species threat status from the 2016 Red List (IUCN 2016) along with a range of 125 potential drivers of variation in status, including biogeographic, ecological and behavioural traits, as well as 126 the exposure of each species to human impacts. Geographic range size is consistently identified as the 127 strongest predictor of threat status (Lee & Jetz 2011; Jetz & Freckleton 2015) . We estimated range size for each 128 species based on expert opinion extent of occurrence maps of species breeding distributions (BirdLife 129 International, 2012) . Human population pressure is also known to influence extinction risk (Cardillo et al. 130 2004; Scharlemann et al. 2005; Davies et al. 2006) . To quantify the exposure of species to human impacts, we 131 first extracted polygon range maps onto an equal area grid (resolution of 110 km ≈ 1° at the equator) and used 132 this grid to sample human population density, human appropriation of net primary productivity and night-133 time light intensity, an indicator of urbanisation and development. We calculated the mean value of each 134 metric, averaged across all grid cells overlapping with each species range.
135
We collated data on a selection of ecological traits, including mean species body mass (g), habitat type, plant-based resource type into separate aquatic and terrestrial categories (see Felice et al. 2019) . This helps us 144 to avoid highly heterogenous categories such as invertivores, which spans a wide variety of species from 145 insectivorous warblers to squid-eating albatrosses and crustacean-eating flamingos (Wilman et al. 2014) . Our 146 approach separates warblers (diet: "terrestrial invertebrates") into a different category from albatrosses and 147 flamingos (diet: "aquatic animals"). Using literature to score habitat use, we assigned species to broad habitat 148 categories (coastal, terrestrial, freshwater, sea) according to the predominant habitat utilised across their 149 geographic distribution. We included habitat type as a predictor in our main models but also used this 150 variable along with a measure of forest dependency (obtained from BirdLife International: 151 http://datazone.birdlife.org/home) to subset our data and perform additional analysis focusing on terrestrial 152 species (n = 8433) or those with medium to high forest dependency (n = 5646). Using the geographical range 153 polygons described above, we classified species as island dwelling if more than 25% of their geographic range 154 occurred on small islands (landmass <2000 km 2 ). Further details of data compilation methods are given in 155 supplementary materials.
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To assess the association between IUCN threat status and key behavioural traits, we assembled data three-way system: ground, elevated or cavity (see Stoddard et al. 2017 for details). We used a binary score of 163 breeding system based on a published classification of cooperative and noncooperative breeders (Jetz & 164 Rubenstein 2011). Mating behaviour was scored as strict monogamy, monogamy with infrequent (<5% males) 165 polygyny, monogamy with frequent (5-20% males) polygyny, and polygamy (>20% males and females). These 166 categories are based on the index of sexual selection developed by Dale et al. (2015) . Clutch size data was 167 based on Jetz et al. (2008) . Using data from Tobias et al. (2016) , we assigned all species to three categories 168 according to the degree of territoriality: 'strong' (territories maintained throughout year), 'weak' (weak or 169 seasonal territoriality, including species with broadly overlapping home ranges or habitually joining mixed 170 species flocks), and 'none' (never territorial or at most defending very small areas around nest sites). Finally,
171
we assigned the migratory behaviour of species as either sedentary, partially migratory (minority of 172 population migrates long distance or most individuals migrate short distances) and migratory (majority of 173 population undertakes long-distance migration) (Tobias et al. 2016) .
174
Most variables were available for the vast majority (i.e.>99%) of species but the identity of species 175 with missing values differed across variables. For categorical predictors, we imputed missing values using the 176 modal class for each genus, if the genus contained at least 2 species and the modal class was present across at 177 least 75% of species. If these conditions were not met, we used the same criteria to either impute missing 
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In contrast to previous assessments of the predictors of extinction risk in birds (e.g. Lee & Jetz 2011),
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we are particularly interested in how behaviour and its covariation with other putative drivers of extinction 192 risk alter the incidence of threat. First, to assess the overall association between each predictor and threat, we 193 fitted a series of single predictor (i.e. univariate) models. Second, we generated a series of multivariate models 194 and calculated relative model fit according the Akaike Information Criterion (AIC). We assessed the relative 195 importance of each behavioural trait relative to other predictors by excluding each variable in turn from the 196 full model and calculating the difference in AIC (delta AIC). We then assessed the overall contribution of 197 behavioural traits in predicting threat by calculating the AIC and r 2 of a full model including all predictor 198 variables, and comparing with a model excluding behavioural traits. Finally, we also calculated the AIC and r 2 199 of a model including only behavioural traits.
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When comparing univariate and multivariate models, we were particularly interested in testing how 201 covariation between behavioural traits and ecological, geographical or socio-economic variables may modify 202 the association between threat and behaviour. We identify three possible scenarios. First, when behaviour is 203 weakly related to threat, we may nevertheless find strong variation in the incidence of threat across 204 behavioural categories because of differences in other factors that drive variation in threat (i.e. ecology, geography or human impacts), an example of an 'enhanced' effect. Second, the opposite pattern may emerge, 206 if behaviour has a significant effect on threat, but this effect is 'masked' by countervailing effects of ecological, 207 geographical or human impacts. Finally, the apparent effect of a given behaviour on threat could even be 208 'reversed', when taking into account covariation with other factors.
209
To examine how the definition of threat may influence the predictors of extinction risk, we repeated 210 our analysis considering only threatened species (n = 1216), predicting lower (0 [Vulnerable]) or higher (1
211
[Endangered, Critically Endangered, Extinct]) levels of threat. To assess how the predictors of threat may 212 change across broad habitat types, we repeated our analysis on different subsets of our data including all 213 species (n = 9576), terrestrial species (n = 8433) and forest dependent species (n = 5646).
215
Results
217
Our results identified a number of core predictors of threat status that align closely with previous assessments 218 indicting that threat arises as a combination of geography, ecology and human impacts ( Fig. 2) . Specifically, 219 the strongest predictor of threat status is geographical range size, with additional strong effects of body mass, 220 island dwelling and the mean human population density across the species geographic range, a metric of 221 exposure to human impact. In both univariate and multivariate models, the incidence of threat decreases with 222 geographic range size and increases with body size (Table S1 ). When tested in isolation, the incidence of threat 223 is higher on islands than on the mainland and in areas of low human population density (Table S1 ). However,
224
in the full multivariate model, these effects are reversed, with a higher incidence of threat in areas of greater 225 human population density, but a lower incidence of threat on islands (Table S1 , see also Manne et al 1999) .
226
In addition to these core predictors, we also identified an effect of behaviour on extinction risk. A multivariate 227 model including behavioural traits alone explains 7% of the variance in threat status. A full multivariate 228 model including all predictors is significantly better supported than one excluding behavioural traits (delta 229 AIC = 36) although the improvement in explanatory power is small (R 2 excluding versus including behaviour 230 = 0.49 versus 0.51 respectively). Behavioural traits receiving strong support for inclusion in the full 231 multivariate model (delta AIC >2) were mating behaviour (monogamous or polygamous mating) and 232 migration (Fig. 2) . Behavioural traits receiving weak or no support for inclusion in the model (delta AIC <2) 233 were foraging mode, breeding system, territoriality, nest placement and clutch size. The effects of behaviour 234 were similar regardless of whether we conducted our analysis across all birds, only terrestrial species (Fig. 235 S1a) or those restricted to forests (Fig. S1b ). This is perhaps not surprising, given that forest dependent species 236 comprise more than half of all birds. We note, however, that the role of behaviour in predicting threat does 237 depend on the way in which threat is defined. Specifically, while behaviour is a significant predictor of 238 whether a species is threatened or not (delta AIC = 36), it does not predict the level of threat (i.e. whether a 239 species is Vulnerable versus Endangered, Critically endangered or Extinct) (delta AIC = -15, Fig. S2 ).
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Some behavioural traits were unrelated to threat, regardless of whether they were considered in 241 isolation or in the full multivariate model. In particular, we found no effect of nest placement or breeding 242 system in our models ( Fig. 3 , Table S1 ). In other cases, threat exhibited significant associations with behaviour, 243 but with effects that varied depending on whether we accounted for other putative drivers of extinction risk 244 ( Fig. 3a , Table S1 ). In the case of foraging behaviour, we find that the incidence of threat varies substantially 245 across foraging categories. For instance, >30% species that feed either by diving or by aerial attacks in aquatic 246 habitats are threatened compared to <10% species that are foraging generalists or bark probing specialists in 247 terrestrial habitats (Fig. 3a) . However, our full multivariate model shows that most of this variation in the incidence of threat is driven by covariation between foraging behaviours, ecological traits and exposure to 249 human impacts (Fig. 4 ). In particular, species feeding at sea and with large body size are more threatened than 250 land-based and small bodied species (Fig. S3 ). Having accounted for these confounding variables, only species 251 feeding by aerial attacks in aquatic habitats have significantly higher levels of threat (i.e. an example of an 252 'enhanced' effect) ( Fig. 4, Table S1 ). A similar effect was also found for clutch size (Table S1 ). While the 253 incidence of threat declines with increasing clutch size, this association is not significantly supported when 254 accounting for confounding variables in the full multivariate model (Table S1 ).
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Mating behaviour provides a possible example of a 'masking' effect. When tested in isolation, we 256 found that polygamous species are no more likely to be threatened than monogamous species (Fig. 3b , Table   257 S1). However, after accounting for the confounding effects of other predictors in the full multivariate model,
258
we found that the probability of being threatened is significantly higher among polygamous than 259 monogamous species (Fig. 4, Table S1 ). This effect of mating behaviour is masked when considered in 260 isolation because polygamous species on average have a smaller body size than monogamous species, and this 261 smaller body size nullifies the effect of mating behaviour on threat (Fig. S3 ). This suggests that polygamy may 262 enhance the risk of extinction but that its effects may have been masked due to covariation with other factors 263 that decrease extinction risk.
264
In a univariate model, we found that proportionately fewer migrants are threatened compared to 265 partial migrants or sedentary species (Fig. 3c , Table S1 ). This may suggest that migration, or perhaps 266 associated greater vagility, buffers species from extinction. However, in our full model we found the opposite 267 effect of migration on the likelihood of being threatened, whereby migrants are more likely to be threatened 268 than sedentary species (Fig. 4) . These contrasting findings arise because migratory tendency is strongly 269 correlated with range size, with migrants have larger breeding ranges on average than sedentary species (Fig.   270 S3), and thus a lower incidence of threat. However, having statistically accounted for the negative effects of 271 range size on threat, migrants are more likely to be threatened than sedentary species (Fig. 4 , Table S1 ). This 272 suggests that undertaking long distance migration makes species more at risk of extinction but that this is 273 unable to overcome the effects of other covarying factors that instead lead to a higher prevalence of threat 274 among sedentary species (i.e. an example of a 'reversed' effect).
276
Discussion
278
We have shown that global-scale ecological and behavioural datasets predict variation in IUCN Red List 279 status of birds, but that these relationships are largely explained by underlying correlations with well- datasets can contribute substantially to refining conservation strategies at these wider scales, our results also 289 show that behavioural traits act as modifiers that can improve explanatory power in conservation assessments 290 and other predictive exercises.
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The traits with strongest influence on conservation status were foraging strategy, mating behaviour 292 and migration. Even in these cases, we found that significant relationships between behaviour and 293 conservation status were only detected for certain strategies. For example, bird species foraging by diving 294 from air to water were significantly more threatened than otherwise predicted. Moreover, a number of 295 species-level behaviours, including variation in breeding system, territoriality, and nest placement, had little 296 predictive power in explaining variation in IUCN Red List status regardless of how they were entered into 297 models. This does not necessarily indicate that such factors are unimportant to conservation, as it is well 298 known that they play a role in some contexts (e.g. nest design and placement has important implications for 299 predation risk in modified landscapes; Wilcove 1985). However, our models show that these effects are minor 
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An important viewpoint to bear in mind is that the models presented here treat behaviour as an 333 independent species-level trait whereas the influence of behaviour is often dependent on inter-relationships among species. Staying with the example of territoriality, the key factor is not so much whether a particular 335 species aggressively defends territories year-round, but whether it directly competes with a closely related 336 taxon that does the same. Thus, future versions of global models or associated conservation assessments 337 should consider scoring behavioural interactions rather than behaviour per se. Advancing towards this goal is 338 particularly urgent given that species interactions are sensitive to environmental effects. Both climate and 339 land-use change can potentially influence the behavior of multiple interacting species, as well as their 340 phenology, physiology and relative abundance, and we ideally need to quantify a range of behavioural 341 interactions and responses to understand how environmental changes affect interaction-based ecosystems 342 (Tylianakis et al., 2008) . Again, the key challenge is that the role of behavior in heterotrophic systems can be 343 complex and highly flexible (Ness & Bressmer 2005) , creating difficulties for multi-species models.
344
Nonetheless, we may improve predictions by incorporating behaviour in more sophisticated ways using 345 interaction-based models, starting at local scales and expanding to larger scale ecological networks when data 346 become available.
347
A related point is that, although we have largely focused on how particular behaviours may influence 348 extinction risk, such factors may yet prove to be less important than behavioural flexibility itself (Sol et al. 
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The associations we detect between behaviour and conservation status (figure 3) suggests that future 390 research could use similar techniques to identify "threatened behaviours" or suites of behaviours. Using 391 global analyses to look beyond species conservation and instead to identify behaviours that are rare or 392 declining might be a useful step towards targeting conservation action towards maintaining behavioural trait 393 diversity. Similarly, the completion of rich behavioural trait datasets for entire taxonomic groups would pave 394 the way towards multi-dimensional community-based analyses of behavioural diversity (BD) metrics, 395 adopting methods from the functional diversity (FD) literature (Petchey & Gaston 2002 , Villéger et al. 2008 ).
396
Setting strategic conservation priorities based on rare behaviours or BD may have important implications for 397 ecosystem function, particularly when focusing on behavioural traits linked to key ecological processes, such 398 as trophic interactions (pollination, seed dispersal, etc.). In addition, there are opportunities for including 399 behaviours in models designed to pinpoint likely future shifts in conservation status by estimating latent 400 extinction risk (Cardillo et al. 2006 ). The way these models work is to predict threat status for any taxon based 401 on a wide range of attributes and then compare predictions with their observed threat status, thus flagging up 402 any species currently 'flying under the radar' (i.e. likely more threated, and thus a higher conservation 403 priority, than indicated by their current conservation status). 
